How can we discover objects we did not know existed within the large datasets that now abound in astronomy? We present an outlier detection algorithm that we developed, based on an unsupervised Random Forest. We test the algorithm on more than two million galaxy spectra from the Sloan Digital Sky Survey and examine the 400 galaxies with the highest outlier score. We find objects which have extreme emission line ratios and abnormally strong absorption lines, objects with unusual continua, including extremely reddened galaxies. We find galaxy-galaxy gravitational lenses, double-peaked emission line galaxies, and close galaxy pairs. We find galaxies with high ionisation lines, galaxies which host supernovae, and galaxies with unusual gas kinematics. Only a fraction of the outliers we find were reported by previous studies that used specific and tailored algorithms to find a single class of unusual objects. Our algorithm is general and detects all of these classes, and many more, regardless of what makes them peculiar. It can be executed on imaging, time-series, and other spectroscopic data, operates well with thousands of features, is not sensitive to missing values, and is easily parallelisable.
INTRODUCTION
The amount of astronomical data and its complexity grows rapidly, thus introducing astronomy to the era of Big Data science. Ongoing and future large surveys provide astronomers with a wealth of information to be analysed and extracted from rich and complex data types. The Sloan Digital Sky Survey (SDSS) has provided the community with multi-coloured images of approximately one third of the sky, and spectra of more than three million objects (York et al. 2000) . The Palomar Transient Factory (PTF; Law et al. 2009 ) and Pan-STARRS (Kaiser et al. 2010 ) monitored the variable night sky and studied numerous asteroids, variable stars, supernovae, active galactic nuclei (AGN), and more. Future surveys will increase by orders of magnitude the number of available objects and the information each of these holds. This includes most notably LSST (Ivezic et al. 2008) , dalyabaron@mail.tau.ac.il † dovi@tau.ac.il DESI (Levi et al. 2013) , and ZTF (Bellm 2014) . These challenge astronomers to move on from the traditional data analysis and visualisation techniques and develop new, Big-Data appropriate, tools (Pesenson, Pesenson & McCollum 2010) .
In view of this accelerating growth, astronomers start to develop automated tools in order to detect, characterise, and classify objects based on the immense amount of information they are gathering. Following that, it is necessary to point towards objects which hold the largest amount of new information by developing automated decision making tools that can process large numbers of objects and draw our specific attention. Supervised Machine Learning (ML) algorithms are used to detect predefined objects of interest, and unsupervised learning algorithms to classify objects and find correlations in high dimensional data (Collister & Lahav 2004; Re Fiorentin et al. 2007; Daniel et al. 2011; MoralesLuis et al. 2011; Richards et al. 2012; Sánchez Almeida & Allende Prieto 2013; Fustes et al. 2013; Masci et al. 2014 ; Baron et al. 2015; Hocking et al. 2015; Miller 2015; Wright et al. 2015; Djorgovski et al. 2016; Lochner et al. 2016; Mackenzie, Pichara & Protopapas 2016; Rubin & Gal-Yam 2016;  for additional references and review see Ball & Brunner 2010) .
The natural step after classification and the analysis of different clusters is outlier detection and characterisation. Outliers can be objects that were not intended to be included in the original sample, various errors, extreme objects that reside on the tail of well characterised distributions, and completely new objects which offer the opportunity to unveil new physics. To paraphrase Donald Rumsfeld 1 : normal objects are the 'known knowns'; outliers of kinds discovered before are 'known unknowns'; but the most interesting, and challenging to find in large datasets, are the 'unknown unknowns', objects we did not know we should be looking for. Our goal in this paper is to present such an outlier detection algorithm and its application on the well studied sample of SDSS galaxy spectra, as a first test.
Random Forest (RF) (Breiman et al. 1984; Breiman 2001 ) is being used extensively in astronomy, though as a supervised learning algorithm. Its main advantages are that it offers a feature importance ranking, and it can be easily parallelisable. Studies train RF to distinguish between different classes of objects based on their features. This is being done by construction of a sample in which objects are already (manually or via a different method) labeled. This sample is the training sample with which the algorithm is trained to distinguish between different classes of objects. These decision rules are then applied to a sample of interest with no labels. RF is used for classification of transients in PTF (Bloom et al. 2012) and in the Dark Energy Survey (Goldstein et al. 2015) , and it was recently proposed for gravitational wave searches of black hole binary coalescence (Baker et al. 2015) .
Our outlier detection is based on an unsupervised RF, thus we do not have labeled data, and expect the algorithm to learn the data through its features with no additional user-defined input. Our algorithm is based on the work of Shi & Horvath (2006) , but with modifications that make it suitable for this task. For other anomaly detection algorithms see Goix (2016, e.g ., the work of Liu, Ting & Zhou 2008) . We test the algorithm on one of the most extensively studied samples -the SDSS galaxy spectra. The twelfth data release (DR12) of SDSS includes spectra of more than 2 million galaxies, approximately half of which were released to the public 7 years ago. These galaxies were characterised and classified thoroughly, and unusual objects were found, making it a useful benchmark (see for example: Sánchez Almeida et al. 2010; Andrae, Melchior & Bartelmann 2010; Ascasibar & Sánchez Almeida 2011; Huertas-Company et al. 2011 ).
As we show below, we find different kinds of outliers which were found by previous studies, but more importantly, some of the outliers we find are new, even in a sample as thoroughly studied as this one. We show in figure 1 a sample of outlying galaxies that our algorithm detects, some of 1 https://www.youtube.com/watch?v=GiPe1OiKQuk them are further discussed in later sections. Clearly, we find objects with a wide variety of properties.
We describe the galaxy sample in section 2 and present the outlier detection algorithm in section 3. We then present and discuss the 400 weirdest spectra found by the algorithm in section 4. We conclude with a discussion regarding other potential uses of the algorithm in astronomy in section 5.
DATA SET
Our sample consists of all the galaxy spectra from SDSS DR12 (Alam et al. 2015) , obtained with both the SDSS and BOSS spectrographs (see Ahn et al. 2012) . Although the spectrographs differ in fibre diameter and wavelength coverage we do not divide our sample based on the spectrograph that was used. We have 2 379 168 galaxy spectra in total.
In order to avoid being confused by bad sky subtractions and calibration errors, we use the 'and mask' which marks pixels that are bad throughout all the sub-exposures of a given object. We discard pixels that are marked in 'and mask' and their closest neighbours (one on each side). We completely remove all objects which have more than 700 bad pixels marked in the 'and mask' and remain with 2 355 926 spectra. We further discard the pixels in the wavelength range 5565-5590Å in the observers frame due to residual sky emission which occurs in a large number of the objects.
The SDSS spectroscopic pipeline obtains the redshift of an object by cross-matching its spectrum to template spectra of stars, galaxies, and quasars. However, in BOSS, galaxies are often classified as quasars with unrealistic fit parameters and the original redshift estimation is incorrect. Therefore, another fit is done, with no quasar templates, which yields a better fit and redshift estimation, znoqso (Bolton et al. 2012) . For every object with znoqso available, we use it instead of the standard redshift. We shift the spectra to the rest-frame wavelength, and then interpolate the spectra to an identical wavelength grid from 2250 to 10100Å with 0.5Å resolution, and normalise the flux using the median flux of the spectrum. Redshift is a very nonlinear variable, and working in the observer frame would complicate any classification task significantly. Here domain knowledge allows us to remove the effect of redshift in pre-processing. It is important to note that, as we show below, objects with erroneous redshifts assigned by the SDSS pipeline are found naturally as outliers by our algorithm. We do not extrapolate, and use NULL values at wavelength where we do not have information. We finally apply a running median filter with a window size of 2.5Å (i.e., 5 pixels) to pixels that are not NULL, which is roughly the resolution of the spectrograph. This is done in order to remove residual cosmic-rays and noise. The width of the filter is small enough to have little effect on real spectral lines. Overall, we perform a limited pre-analysis of the data and the steps detailed above only discard 1% of the data. Figure 1 . A sample of the outliers we find with the outlier detection algorithm, sporting a large variety of unusual features, all found within a single run of the algorithm. Synthetic Data Figure 2 . Illustration of the synthetic data construction: we sample points from the marginal distributions of the original data (left panel) and define it as the synthetic data (right panel) for a given feature (which is a single flux measurement). While the marginal distribution of the two samples remain identical, the covariance (i.e., the dependence between the different features) exists only in the original data.
OUTLIER DETECTION ALGORITHM
The algorithm we discuss is general and can be implemented on images, time-series (such as light curves), and photometry, similarly to our current application to spectroscopic data. The input to the algorithm is a matrix in which the rows represent the objects in the sample (galaxy spectra in our case) and the columns represent the features of the data. In our case, the features are simply the flux values at each wavelength, thus we have 2 355 926 objects with 15 700 features each (i.e., 15 700 interpolated flux values). In order to detect outliers one can define a distance measure between every two objects in the sample, we achieve this task by using RF. An RF refers to the general technique of random decision forests, an ensemble learning method that is used for regression and classification. RF operates by constructing a set of decision trees during training. Every such tree splits the training data into the known classes by using rules learned from the data features. Each tree in the ensemble is built from a sample drawn with replacement from the objects in the sample and only a randomly selected subset of the features is used as a splitting criterion. Then, the RF averages the predictions of the decision trees, and due to this randomness the resulting model is general and has low variance (Breiman et al. 1984; Breiman 2001) . Constructing each decision tree with a subset of the objects and a subset of the features makes the RF naturally parallelisable and extremely fit for usage in the framework of Distributed File Systems (DFS).
Since the objects in our sample are not labeled and there is no external information input to the algorithm from the user, we perform unsupervised learning with RF, as described in Shi & Horvath (2006) though with some key modifications. We construct a synthetic data matrix with the same dimensions as our sample data (2 355 926 X 15 700): each feature (column) in the synthetic data is built by sampling from the marginal distribution of the same feature in the original data. The process of creating the synthetic data is illustrated in figure 2 in a simplified example, where each object has only two features, distributed as seen in the left panel. The synthetic data is shown in the right panel, where one can see that the marginal distributions of the original and synthetic data match, while the covariance between the features remains only in the original data.
Once we have the synthetic data, we can translate the problem to the language of supervised learning -we label the original data as real and the synthetic data as synthetic. The total labeled data which consists of both the real and synthetic samples is the input to the traditional RF classification algorithm. We note that there is no need to divide the sample into training, validation, and test sets as typically done when performing supervised learning, since we do not use the trained forest as a predictor for new, unlabelled, measurements. We train the forest to distinguish between real and synthetic, and since the difference between the classes is the lack of covariance in the synthetic data, the forest identifies features which show strong covariance and rates them higher in its features importance scheme. In this framework, spectral lines will show as correlations on short scales, between nearby wavelengths, while continuum The left panel shows a colormap of the probability of an object to be classified as real by the trained RF. One can see that although the real and synthetic data occupy the same region in feature space, the RF provides good predictions for the location of real objects. The right panel shows the real objects, their colour represents their weirdness score, where dark blue represents high weirdness score and yellow represents a low weirdness score.
slopes manifest themselves as more subtle correlations (typically) between distant wavelength ranges. Noise is largely uncorrelated, except perhaps for the influence of the pointspread-function that introduces short-range correlations in spectra. We apply the RF training to the illustration data from figure 2 and show in the left panel of figure 3 the probability of an object to be classified as real by the trained RF. One can see that although the real and synthetic data occupy the same region in parameter space, the RF learns the region of the real objects well.
Having the trained forest, we take only the real objects and propagate them through the decision trees in the forest. Every object, in every tree, ends up in a terminal node (leaf) with a predicted class, either real or synthetic. In order to define a measure of similarity between objects, we count how often every pair of objects were classified as real in the same leaf of a given tree. This number, N leaf , can range from 0 to the number of trees in our forest. N leaf is a measure of the similarity between these two objects since objects that have a similar path inside the decision tree have similar features, and as a consequence are represented by the same model. We normalise N leaf by dividing it by the number of trees in the forest which classify both objects as real, Ntrees, giving us a similarity measure for every pair of objects. We define the distance between objects i and j as: Dij = 1 − N leaf /Ntrees. Dij can range from 0 (objects that ended up in the same leaf in all the trees), which is the distance of an object to itself, to 1 for objects that never ended up in the same leaf. . Histogram of the signal to noise ratio (SNR) of the galaxies in our sample. We define the SNR as the median SNR per pixel, as given by the SDSS pipeline. One can see that apart from a prominent peak in the distribution at SNR∼2.5, the number of galaxies decreases smoothly for increasing SNR.
We note that the standard way to measure distances between objects with RF is counting the number of tress in which the objects ended up in the same leaf, regardless of the leafs prediction (e.g., Shi & Horvath 2006) , in this case Ntrees is constant and equals to the number of trees in the forest. However, we find that the quality of the outliers improves when taking into account only leaves that predict both of the objects to be real. This may be due to the fact that a model (the path in a decision tree) that describes a synthetic object does not describe well a real object and vice versa. The galaxies in our sample are classified as synthetic by a decision tree with a probability of up to 25%. This probability depends on the SNR of the galaxies, such that the probability to be classified as synthetic increases with decreasing SNR. We note however that each decision tree has access to a limited number of features and therefore a galaxy with high SNR can be classified as synthetic in some subset of the trees, thus adding noise to the distance measure. We further refer the reader to the work by Shi & Horvath (2006) , where they discuss different methods of synthetic data construction, distance assignment, and discuss the difference and similarity to the Euclidean distance.
Using this distance measure, we can cluster the objects but our purpose is to find outliers. The distance between all the pairs of objects is a matrix with dimensions 2 355 926 X 2 355 926, more than 20TB in double precision. Since we are interested in outlying objects, which have a large distance from most of the other objects in the dataset, it is enough to average the distances of a given object to all the others, resulting in a 2 355 926-sized vector that represents the 'weirdness' score of each object. This vector is of a reasonable size and we can sort it and extract the objects with the highest weirdness score from the entire population -the outliers. The sorted vector of averaged distances essentially orders the galaxies from the most mundane, with a weirdness score of 0, to the most unusual, with a score of 1. Therefore, the threshold for the outlying objects is user-defined. We also note that due to the randomness of the RF in its feature and object selection, the decision trees vary from one run to the next, and the weirdness score that we obtain is not unique. However, we find that when using a sufficient number of decision trees (see details in section 3.1) an object with a high weirdness score in one run will have a high weirdness score in different runs as well.
We measure the weirdness score for the illustration data shown in figure 2 and show it in the right panel of figure  3 , where dark blue represents objects with high weirdness score and yellow represents objects with a low weirdness score. One can see that objects that are located in the tail of the distribution and noisy points tend to have higher weirdness scores. We show in figure 4 a histogram of the weirdness score for all the galaxies in our sample. One can see that the distribution is smooth and decreases monotonically with the weirdness score. The presence of peaks in the histogram would have implied the existence of clusters of objects, composed of galaxies which have a short distance to the cluster members, but a long distance to galaxies in different clusters. The smoothness of the distribution that we measure may imply that the classifier is sensitive even to small differences between seemingly similar galaxies. This is essentially over-fitting, which is typically bad for supervised algorithms that are expected to generalise well to new measurements, but serves our purpose to find outliers. Alternatively, a smooth distribution in the averaged distance can happen if the galaxy spectra form a continuous sequence in spectral shape (e.g., Ascasibar & Sánchez Almeida 2011) . In Section 4 we analyse the 400 weirdest objects, which lie to the right of the dashed blue line.
Implementation
As noted above, RF is a naturally parallelisable algorithm due to the randomness of its object and feature selection. The size (2 × 2 355 926 objects) and complexity (15 700 features) of our data prevent us from applying this algorithm with the entire data loaded to memory and the analysis to be done with a single process. Instead, we break the data into 8 bins of signal to noise ratio (SNR) of equal size, each bin contains roughly 300 000 galaxy spectra. We define the SNR of a spectrum as the median SNR per pixel, as given by the SDSS pipeline.
In addition to shorter running time, we find that dividing the spectra into SNR bins improves the quality of the outliers we find. We show the distribution of galaxy SNR in the SDSS in figure 5 , where one can see a smoothly declining distribution, except for a prominent peak at SNR∼2. Figure 6 . Distributions of the classes of outlying objects we find. Clearly, we find a wide variety of phenomena. It is interesting that only a small fraction (2.5%) are due to instrumental problems.
(with roughly 700 000 galaxies). Like other machine-learning classifiers, RF builds a model that is mostly sensitive to the common object in the sample while objects that are rare are not well described. Therefore, when training without SNR bins, the decision trees are optimised to distinguish between real and synthetic data for a galaxy with SNR∼2.5, but not for galaxies with higher SNR. In practice, the decision trees rank wavelengths with prominent emission lines such as Hα and [OIII] high in the feature importance ranking, while ignoring the weaker emission lines such as Hβ, [SII] , and [OI] , and ignoring absorption lines, since the information of a galaxy with SNR∼2.5 is mostly contained in these strong emission lines. We therefore divide the sample into SNR bins and indeed find that the feature importance of weak emission lines and absorption lines increases for bins of higher SNR, while prominent emission lines are ranked high in all of the bins. Within a given SNR bin, we build 50 redundant chunks which contain 10 000 objects, and while the galaxy spectra within a given chunk are unique, a specific galaxy spectrum can be included in several different chunks. We construct 200 decision trees for each of these chunks, while using only a subset of the features in the construction of a single tree (a square root of the number of features is used for a given decision tree, which is a typical choice). Therefore, for a given SNR bin we build 10 000 decision trees while using 125 features for each tree. We test different numbers of objects per chunk and find that for 5 000 -20 000 galaxies in a chunk the weirdness score distribution is the same, resulting in the same quality of outliers. However, when using 1 000 -3 000 galaxies per chunk the result is degraded (e.g., supernovae and stars do not always have a high weirdness score, and standard galaxies sometimes have a high weirdness score), and the distribution in weirdness score appears flatter. We also note that increasing the number of decision trees for a fixed number of observations generally results in a better and more general classifier but increases the training time substantially. For our dataset, we find that the distribution in weirdness score stabilises and barely changes once we reach 200 trees per 10 000 objects. This process is identical to the RF training procedure we presented in section 3 and the construction of decision trees per chunk is executed in parallel on multiple computer nodes. We use the decision tree classifier and RF classifier implementation in scikit-learn 2 (Pedregosa et al. 2011 ).
Once we have the decision trees from the parallel pro-cesses, we merge them into a forest. The phase of propagating an object through the trees and comparing its leafs to that of the other objects is done in parallel as well. The parallelisation in this case is object based -we pair the reference object with all the other objects and compute the distance between the reference object to the entire sample and then we average it. These details were tailored to the data at hand, and to our available computational resources. We stress that they affect execution time but not our scientific results. In total the process takes 12 hours on 128 CPUs to obtain the weirdness score. The bulk of our computations was performed on the resources of the National Energy Research Scientific Computing Center 3 .
Dimensionality reduction
Dimensionality reduction and feature selection methods are often proposed when dealing with large-size and complex data. The goal of dimensionality reduction techniques is to extract the strongest, most prominent features in the data and use them for classification or regression problems. These methods assume that the data can be well represented in a lower dimensional space, thus allowing for faster and (sometimes) better statistical inference. A common method is Principal Component Analysis (PCA) which performs a linear decomposition of the data and provides eigenvectors and their strength coefficients for every object in the dataset (e.g. Zhang et al. 2006; Vanden Berk et al. 2006; Rogers et al. 2007; Re Fiorentin et al. 2007; Bailey 2012) . When modelling a spectrum, the linearity of PCA may be a disadvantage due to the nonlinearity of spectral lines. Thus, it is not clear that applying PCA prior to the forest construction is beneficial for our algorithm. Nevertheless, we apply PCA decomposition on the 10 000-sized chunks and use the coefficients provided by the decomposition as the features for the forest construction and outlier detection. We test different number of input coefficients: using 10 000, 5 000, 2 000, 1 000, 500, and 100. In all the cases the result suffers. Outlying objects tend to have a few coefficients with large (positive and negative) values, compared to the values for the same coefficients of standard objects. These large coefficients are not modelled well by the forest and tend to fall in the same leaf of a given decision tree, thus appearing similar to each other. Standard spectra which are intrinsically alike also tend to fall in the same leaf and appear similar. These two groups (intrinsically similar objects and outlying objects) show the same summed distances and therefore cannot be separated with a distance criterion. So while PCA might be advantageous for a classification problem with RF, by mitigating over-fitting, it impairs our weirdness measure.
There are dimensionality reduction algorithms which are not linear. Richards et al. (2009) apply diffusion maps to galaxy spectra for data parametrisation and dimensionality reduction prior to using the spectra in a regression problem. Vanderplas & Connolly (2009) and Daniel et al. (2011) use Locally Linear Embedding (LLE) as a nonlinear dimensionality reduction technique for classification of SDSS spectra. Although these methods show great promise in the dimensionality reduction field, we chose not to use them since RF, contrary to many ML algorithms, deals with large number of features well, and applying these methods is expensive both in terms of running time and available memory. Furthermore, it is not trivial to apply these methods on millions of objects in the DFS framework and on data streams. More importantly, as noted above, the better they work, the more they are likely to harm our algorithm for outlier detection.
Comparison with other outlier detection algorithms
There are several outlier detection algorithms that are based on unsupervised learning which are widely used in various fields. These algorithms can be divided into two types. The first type is distance-based anomaly detection, in which a distance is computed between every pair of objects in the sample and outliers are defined as objects that are distant from most of the objects in the sample. This includes Euclidian-based distance assignment, PCA-decompositionbased distance assignment, and unsupervised RF distance assignment. The running time of these algorithms scales as O(N 2 ), where N is the number of objects in the sample, since a pairwise distance must be computed. The second type of algorithms focus on isolating outliers rather than modelling the entire data and defining outliers as objects that deviate from this model. The most popular such algorithm is Isolation Forest (iForest; Liu, Ting & Zhou 2008) . Such algorithms are typically linear in time. We refer the reader to Liu, Ting & Zhou (2008) and Goix (2016) for comparison between different algorithms for different data-sets.
We compare the quality of the outliers we find with the following algorithms: One-Class SVM (Schölkopf et al. 1999) , iForest (Liu, Ting & Zhou 2008) , standard unsupervised RF (Shi & Horvath 2006) , and our method introduced here. While our method is distance based, it is not as fast as iForest for example, but it is naturally parallelisable, reducing wall-time. We gauge the quality of the outliers we find with the various methods qualitatively, using domain knowledge. For example, we expect supernovae and stars to have high weirdness scores, and galaxies that are only brighter but otherwise normal to have low scores. We also compare the number of false-positives found by these algorithms, that is the number of standard-looking objects that are marked as outliers by the algorithms.
Visually inspecting the 400 weirdest galaxies found by each of these algorithms, we find that our method significantly outperforms the others, finding essentially only interesting galaxies, as thoroughly discussed below. The standard unsupervised RF algorithm tends to pick a larger number of false-positives. For One-Class SVM and iForest the galaxies that are found as outliers include mostly galaxies with residual cosmic rays, galaxies with extremely strong emission lines, stars, and a few false positives. Generally, we find that these algorithms detect objects that show outlying properties in specific features (i.e., wavelengths) but are not sensitive to outlying relation between features such as extremely reddened galaxies, outlying line ratios, and unusual emission lines. Although the former are indeed outliers in a statistical sense, the covariance-based outliers are more interesting and offer the opportunity to discover subtle changes that represent an outlying physical behaviour.
OUTLYING GALAXIES
We systematically inspect the 400 weirdest galaxies that we find. We caution the reader that their relative numbers are not very meaningful, since our choice to study 400 is arbitrary, and limited by the time necessary to inspect all the aspects of each galaxy, as we do below. This includes visual inspection of the SDSS spectrum and imaging, line measurements where applicable, a literature search (since this sample was so extensively studied), and other more specific measurements for specific cases. There are undoubtedly many more interesting sources with a marginally lower weirdness score. We encourage our readers to explore further. A table with a weirdness score for all the 2M galaxies is available at http://www.wise-obs.tau.ac.il/∼dovip/weird-galaxies/, and an IPython notebook with the algorithm is available at https://github.com/dalya/WeirdestGalaxies.
Out of 400, we call 10 objects 'bad spectra' and they consist of objects with calibration problems and sky contamination, we find 47 stars classified as galaxies by the SDSS pipeline. 27 objects we call 'blends', which includes galaxy-galaxy lenses, chance alignment of two objects, and multiple emission line systems. We find 186 galaxies with unusual emission-line ratios. 13 galaxies sport an unusually broad [OIII] emission, in fact, it is so broad in some cases that the SDSS pipeline mistakes it for a broad Hα emission line at a wrong redshift. We also find 33 galaxies with extreme Balmer absorption up to Hδ and beyond, and 38 objects with an excess of NaID absorption. 18 outliers are galaxies that host supernovae, 9 show unusual emission lines (e.g., coronal lines, [NI] ). We find 41 galaxies with unusual velocity structures -11 of them show an additional structure around the Hα-[NII] complex, and 13 show double-peaked emission lines. We show in figure 6 a pie chart that summarises all the outlying objects and their classification. Out of the 400 outliers, only 74 outliers were previously reported by other studies -in all of these cases the authors have constructed a specific algorithm that is tailored exactly to find the kind of objects they are looking for. We list all the outlying galaxies in appendix A with classification and references to previous studies when relevant. Throughout this section, we note specific galaxies with their SDSS name (e.g., SDSS J131027.46+182617.4) and their SDSS PLATE-MJD-FIBER.
Unusual velocity structure
We find 42 galaxies with an unusual velocity structure in their emission lines. Out of these, 11 galaxies show an additional structure around the Hα-[NII] complex, 13 galaxies have double-peaked emission lines, three show two broad components in the Hα and Hβ. We also find 13 galaxies with unusually broad [OIII] emission, and the remaining five galaxies show a number of interesting velocity components in their emission lines. We list these five objects in table A1.
We present in figure 7 one of the four galaxies that shows the most complex velocity structure as an example. SDSS J135338.10+313325.1 (2117-54115-230) has a number of velocity components in its Balmer and forbidden lines. We mark the rest-frame wavelengths of the emission lines based on the redshift estimation of the SDSS. One can see that this galaxy has two [OIII] emission peaks and another blue-shifted component, probably due to an outflow. In the Balmer emission lines one can see a broad component that is redshifted compared to the central rest-frame wavelength (more prominent in the Hα emission). The galaxy seems disturbed in the SDSS imaging, and this velocity structure could arise from asymmetries near the centre of the galaxy which is picked up by the spectroscopic fibre. We also note SDSS J113818.38+060620.1 (4767-55946-889), which has an ultra-luminous, galaxy-wide narrow line region and is studied by Schirmer et al. (2013) as it is a "green bean". Schirmer et al. (2013) construct a sample of 29 such galaxies from SDSS DR8, and claim them to be among the rarest objects in the universe.
Additional structure near Hα
We find 11 objects with an additional structure near the Hα-[NII] complex. The stellar continuum contribution in these galaxies is stronger than nebular emission, mostly near Hβ, thus similar features are not easily detected in Hβ emission. In order to isolate the emission of the gas from the stellar component, we subtract the best fitting population synthesis model for each of the galaxies. We use pPXF (Cappellari 2012) , which is a public code that extracts the stellar kinematics and stellar population from absorption-line spectra of galaxies (Cappellari & Emsellem 2004) . The code uses the MILES library, which contains single stellar population synthesis models from Vazdekis et al. (2010) . In several galaxies, we obtain unrealistic stellar population fits due to the broad Hα emission. We therefore ignore pixels that are dominated by the broad emission features prior to the fitting, and obtain good fits.
The emission spectra of these galaxies show a wide range of properties. For some of the galaxies, we detect a similar emission structure around Hβ, suggesting that the broad features are due to Balmer emission, and in some of these the broad emission is not centred around the central wavelength of the narrow emission, suggesting an outflow or a complex geometry (e.g., SDSS J154327.02+075442.1, 1724-53859-116, which shows an outflow in the Balmer emission lines). We find that several galaxies show diagonally- top panels) has an unusual asymmetric emission near Hα and no emission near Hβ. SDSS J124144.54+350345.9 (2022-53827-286; bottom panels) has a more symmetric structure, with a centroid that is slightly shifted from the Hα wavelength. In both of the cases we find similar structure in Hβ after we subtract the best stellar population synthesis model, though we do not detect continuum emission from an accretion disk.
shaped continua (see section 4.5.2), which suggests that the broad Hβ emission is absorbed by dust reddening and is not detected due to our limited SNR. Furthermore, we find that while for five of the galaxies the additional structure can be attributed to a broad Hα emission, or to two Hα velocity components which are blended, the remaining six show asymmetric structures which cannot be described by a broad Gaussian. We list these objects in table A2.
We present two examples of such objects in figure 8. SDSS J013402.54-094627.0 (0663-52145-0306; top panels) shows an asymmetric profile, which cannot be well represented by a single or double Gaussian and is not centred around the Hα emission line. After subtracting the best stellar population synthesis model from the spectrum, we detect two broad emission components around Hβ, which suggests that the broad feature around Hα is due to Balmer emission (rather than [NII] emission or a mix of the two). However, using two broad emission components for Hα (and all the narrow emission lines) we are not able to reproduce the shape of the emission we observe. We find that adding an additional broad component in absorption can reproduce the profile we observe. Broad Balmer absorption is typically seen in Type II supernovae ejecta (see for example Faran et al. 2014) or extremely dense outflows in high redshift quasars (see Williams et al. 2016 and references therein). An alternative interpretation for this profile is a circular, relativistic, Keplerian disk which is observed in a small fraction of AGN (Eracleous & Halpern 2003) . SDSS J124144.54+350345.9 (2022-53827-0286; bottom panels of figure 8) has a more symmetric structure, only slightly shifted from the Hα wavelength. We detect the same structure in Hβ after subtracting the stellar population contribution. In both of these cases, we do not detect continuum emission from an accretion disk.
Double-peaked emission line galaxies
Another subset of objects consists of galaxies with double peaked emission lines, of which we find 13, 10 of which show narrow and 3 show broad double-peaked emission lines. Previous studies conducted searches in the SDSS spectroscopic data with the purpose of finding double peaked emission lines in galaxies and AGN up to the seventh data release (DR7; Wang et al. 2009; Liu et al. 2010; Smith et al. 2010; Ge et al. 2012; Pilyugin et al. 2012 and references therein). Smith et al. (2010) and Hβ emission line wavelengths in the observers frame according to our redshift estimation. The galaxy shows extremely symmetric components, compared to other double-peaked emission line galaxies, which may indicate that we are seeing a disk-like structure.
with a double peaked [OIII] profile. Pilyugin et al. (2012) looked for galaxies with two simultaneous starbursts and by visual inspection of the SDSS spectra found a few hundreds of galaxies with double peaked emission lines, and studied 55 of them, which had a reliable two component decomposition. Ge et al. (2012) compiled the first systematic sample of 3030 double peaked emission lines objects.
Out of the 10 galaxies with double-peaked narrow emission lines, two were reported by previous studies. SDSS J103007.07+412353.5 (1360-53033-0186) is part of the sample presented by Pilyugin et al. (2012) and Ge et al. (2012) . SDSS J131642.90+175332.6 (5867-56034-0304) is discussed specifically by Xu & Komossa (2009) , where the authors suggested and discussed a few scenarios which can potentially account for the double peaked profiles of all of the lines, such as a binary AGN, galaxy merger, and jet-cloud interaction. This object is of a particular interest since it shows double emission profiles in all its nebular lines and an additional broad component (FWHM of 1400 km s −1 ) in most of its forbidden lines. Two additional objects (out of the 10) are worth noting since the SDSS pipeline failed to estimate their redshift correctly: SDSS J223623.78+112824.0 (5049-56103-0273) and J163228.43+541449.2 (6788-56428-0257). The velocity separation between the two peaks is 550 km s −1 and 710 km s −1 , higher compared to the velocity separation of double-peaked galaxies (see velocity separation distribution in Pilyugin et al. 2012 ). We present, as an example, the object SDSS J163228.43+541449.2 in figure 9 (black) compared to the best fitting model of the SDSS pipeline (pink) which mistakes the redshift to be z = 0.214, identifying the broad [OIII] line as Hα. We estimate the redshift of the two emission line components to be z = 0.590 and z = 0.594 with a velocity separation of 710 km s −1 . These galaxies were not reported in previous studies.
We find 3 galaxies which show double-peaked broad emission lines, all of them are reported by previous studies as well. Due to this structure, the SDSS pipeline fails to fit a correct redshift to two of them, fitting the broad double-peaked Hα emission as Lyα emission. For SDSS J013253. 31-095239.3 (662-52147-180) , the SDSS estimate the redshift to be 5.73, while we measure it to be 0.259. The broad emission components belong probably to Hα emis-sion (and not the [NII]) since we observe the same structure in Hβ. These components are located at a velocity of 2880 km s −1 (blue-shifted) and -4890 km s −1 (redshifted). SDSS J114051.58+054631.1 (838-52378-460) also show two broad emission lines, offset by 4600 km s −1 and -5800 km s −1 , and we estimate its redshift to be 0.131. For additional information, we refer the reader to the studies that discovered and studied these objects: Strateva et al. (2003) , Wu & Liu (2004) , Bian et al. (2007) , and Strateva et al. (2008) . We list all the double-peaked galaxies in table A3. emission line to that of the general population, we use the MPA-JHU catalogue, which contains emission line measurements of 927 552 galaxies from SDSS DR7 (Kauffmann et al. 2003b; Brinchmann et al. 2004; Tremonti et al. 2004) . They also derived the velocity of all the forbidden lines (they constrained the velocity to be the same in all the forbidden lines in their fitting process) and converted it to FWHM value, assuming a Gaussian profile. We use galaxies for which the velocity measurement is at least three times higher than its uncertainty, thus rejecting low SNR objects. We show in the left panel of figure 10 the histogram of the FWHM of the entire galaxy population compared to the FWHM of our objects. One can see that these objects are located on the tail of the distribution of the entire population. As an example, we present SDSS J165205.39+430902.3 (6031-56091-0007) in the right panel (black). The redshift derived by the SDSS is z = 0.244 while the redshift we derive is z = 0.634, and we measure a FWHM of 930 km s −1 for the [OIII] emission line. We note that in the case of broad [OIII] emission, samples constructed from the SDSS can be incomplete and biased due to incorrect redshift estimation. At a redshift of z ∼ 0.5, where Hα is outside the SDSS wavelength range, broad [OIII] emission can be confused with broad Hα and Lyα emission, and indeed there are hundreds of quasars with incorrect redshift estimation in the SDSS database (see Reyes et al. 2008 and Yuan, Strauss & Zakamska 2016) . We list the broad [OIII] emission line galaxies in table A4.
In many galaxies, the [OIII] emission lines show an additional blue-shifted component, which is usually interpreted as being due to outflows. Forbidden lines are used to study the kinematics of galaxies, since in most of the cases they have narrow resolved profiles (unlike the Hα and Hβ for example). As a consequence, different velocity components can be separated and studied. However, broad [OIII] lines that can be well described by a single Gaussian are rare (e.g., Alexander et al. 2010; Greene et al. 2011; Harrison et al. 2014; Carniani et al. 2015; Zakamska et al. 2016 ).
E+A galaxies
E+A galaxies (also known as k+a galaxies, 'post-starburst', and Hδ-strong galaxies) are galaxies with strong Balmer Hδ absorption in their spectra, with values typically larger than 4-5Å. The emission in these galaxies is dominated by Astars, with lifetimes of around one Gigayear. Therefore, stars were formed recently, O-stars and B-stars have all evolved past the main-sequence, but A-stars have not yet. Consequently, E+A galaxies must have undergone a recent (and quite abrupt) change in their star formation. These galaxies comprise 3% of the general galaxy population (Goto et al. 2003) and in many of them it appears that a significant fraction of the galaxy stellar mass was created in the starburst (20-60%). A special sub-class of these are galaxies that do not show Hα and [OII] emission lines, indicating that these galaxies are not currently star forming, but have undergone a recent starburst. These galaxies are observed during a shortlived phase in their evolution, and are fewer than 1% of the galaxy population (Goto et al. 2003 Out of 400 outlying galaxies, we identify strong Hδ absorption in 33, 28 of which were discussed in previous studies of such galaxies (see references above). We look for Hα and [OII] emission in our objects and find that only 7 out of 33 show emission lines that indicate ongoing star formation, while 26 do not. We list the Hδ strong galaxies we find in table A5.
We note specifically SDSS J132401.63+454620.6 (1463-53063-262), which shows strong Hδ absorption and a broad emission components near the Hα emission line. We show the object in the left panel of figure 11 . We start by fitting a stellar population synthesis model to account for the stellar continuum, like in Section 4.1.1. We find a good fit with a population of stars of age 0.05-0.1 Gigayear, as expected for E+A galaxies. We then subtract the stellar contribution in order to study the properties of the emitting gas.
We start by fitting a single component to the narrow Hα emission and two additional narrow components to the [NII] emission and find that these cannot account for the entire emission. We therefore fit an additional, broad, component that is centred around the Hα central wavelength. The best fitting profile is presented in the right panel of figure 11 . The FWHM we obtain for the broad Hα is 2150 km s −1 . We also measure the line ratio log [NII]/Hα for the narrow components and find it to be 0.28, consistent with gas that is exposed to hard X-ray radiation. We note however that the forbidden lines [SII] Figure 11 . SDSS J132401.63+454620.6 (1463-53063-262) -Hδ strong galaxy which also has a broad Hα emission line (left panel). This object is peculiar since the strength of the Hδ indicates a recent change in its star formation activity, however an AGN is still detectable through broad Hα emission. We fit the lines (right panel), find that the FWHM of the broad Hα component is 2150 km s −1 , and that the line ratio log [NII]/Hα = 0.28 is consistent with gas that is exposed to hard X-ray radiation.
has started simultaneously in the entire galaxy (due to the narrow age distribution that we find) and that the galaxy has undergone a recent shut-down of its star formation (i.e., no O-stars and B-stars). On the other hand, we measure broad emission components that may suggest either AGN heating or shocked gas due to recent merger or nuclear outflows. In terms of the cosmic cycle (e.g., Hopkins et al. 2006) , this galaxy may represent a very short-lived phase in general galaxy evolution, where the star formation had already terminated due to AGN feedback though enough gas is still left to fuel the accretion disk (see for example Hernquist 2005 and Netzer 2009 ). Studying this galaxy and similar ones may allow one to study the feedback mechanisms that terminate star formation, which we do in Baron et. al. (in prep) .
Unusual emission lines
We find 3 galaxies that show coronal lines in their spectra, and 10 galaxies with strong [NI] 5200Å emission. We list these galaxies in table A6.
Coronal line emitters
High-ionisation, or coronal lines arise in gas that is exposed to soft X-ray radiation. Several studies have suggested a connection between extreme coronal line emitters (ECLEs) and tidal disruption events (TDE), in which a star is tidally disrupted as it enters the tidal radius of a massive black hole (Komossa et al. 2008; Wang et al. 2011 Wang et al. , 2012 . Wang et al. (2012) were the first to conduct a systematic search for TDEs in the SDSS spectroscopic data by looking for ECLEs. They detected ECLEs by either looking for extreme coronal lines (at least one line is at least 20% as strong as the [OIII] line) or coronal lines from a galaxy that is classified as an HII region on the BPT diagram. The authors found 7 objects in total that satisfy the criteria, one of them is found as an outlier by our algorithm (SDSS J093801.63+135317.0; 2580-54092-0470). It is worth noting that out of the 7 objects in their sample, only 4 objects are classified as galaxies by the SDSS pipeline (rather than QSO) and enter our sample. We find two additional galaxies with coronal lines ( (2009) look for forbidden high ionisation lines in the SDSS DR6 and find 63 objects, some of which are classified by the SDSS pipeline as galaxies and some as QSOs.
Visible [NI] emission line
We find ten galaxies which show an emission line at 5200Å, for eight of them one must subtract the best-fitting population synthesis model in order to detect the emission line (as done is Section 4.1.1). We show an example of such galaxy in figure 13 . SDSS J102339. 63+041110.6 (575-52319-200 ) is a galaxy at redshift z = 0.290, classified as a composite (i.e., both HII region and AGN radiation are prominent radiation sources) using the BPT diagram. Furthermore, the galaxy is a member of a galaxy cluster and is detected in radio emission (FIRST catalog).
We fit Gaussians to the emission lines Hβ, [OIII] , [NII], Hα, [SII] , and the line at 5200Å. We find that the FWHM of the 5200Å emission line is consistent with the FWHM of the forbidden lines for both of the galaxies. We identify the emission line at 5200Å as emission from [NI] Figure 13 . An example of a galaxy with unusually strong [NI] emission. SDSS J102339.63+041110.6 (575-52319-200) is a galaxy at redshift z = 0.290 and it is a member of a galaxy cluster, and it is detected in radio emission. We measure the ratio [NI]/Hβ = 0.33 in the spectrum, while in planetary nebulae the [NI] emission is 10-100 times weaker than Hβ.
emission-line catalogue conducted by Kaler, Shaw & Browning (1997, see references therein) . [NI] emission is usually observed in planetary nebulae and its strength is typically 10-100 times weaker than Hβ emission, it is also detected in composite quasar spectra with a typical strength that is 10 times weaker than Hβ (Zakamska & Greene 2014) . In our galaxies the EW ratio of [NI]/Hβ ranges from 0.33 to 1. However, we note one case in the literature where the [NI] emission strength is comparable to the Hβ emission, PKS 2322-12 (Costero & Osterbrock 1977) , which is a narrowline radio galaxy.
While galaxies often show strong emission from singlyionised nitrogen ([NII]), atomic nitrogen is not observed in emission since it is too easy to ionise. Atomic nitrogen can exist in cool areas where it is shielded from ionising radiation and can be seen in weak emission, most likely due to photo-excitation. An alternative scenario, which can potentially produce stronger [NI] emission, can take place in cool cluster filaments, where the shielded atomic nitrogen is excited by shocks or hard penetrating X-ray photons (Ferland et al. 2009 ). These scenarios however do not explain how we see such strong emission in [NI] in these galaxies. This may require photoionisation calculations that are beyond the scope of this paper.
Unusual emission lines ratios
Most of the galaxies in this subsample are of known classes, but their emission lines lie at the extreme of their population's respective distribution. These objects show outlying line ratios -156 of them are outliers on the BPT line diagnostic diagram, and there are 30 galaxies for which only the 
Outliers on the BPT diagram
Prominent emission lines in galaxies have been used to study the physical properties of galaxies and their dominant source of radiation. Baldwin, Phillips & Terlevich (1981) proposed a diagnostic diagram (known today as the BPT diagram) based on the ratios [NII]/Hα and [OIII]/Hβ to separate between gas that is exposed to hard radiation fields, planetary nebulae, and HII regions. Veilleux & Osterbrock (1987) refined this scheme and added two additional diagnostic diagrams with the ratios [SII]/Hα and [OI]/Hα, based on photoionisation models. The SDSS, providing millions of galaxy spectra, has had a great impact on the classification of galaxies and allowed a clean and significant characterisation of the SDSS J024721.99-043259.1 Figure 15 . Comparison between the log [SII]/Hα line ratio of the 24 outlying galaxies (pink) and the general galaxy population (grey histogram) using the MPA-JHU catalogue of SDSS galaxies (left panel). One can see that the galaxies we find are located on the tail of the general distribution and have unusual line ratios, greater than most of the galaxies in SDSS. We give an example of such a galaxy (SDSS J024721.99-043259.1; 7054-56575-500), at redshift z = 0.138 which has a ratio log [SII]/Hα = 0.17. different types of galaxies and the transitions between them (Kauffmann et al. 2003a; Kewley et al. 2006 ).
We present in figure 14 [OIII] and Hβ profiles are similarly measured with 3 Gaussians. We examine the goodness of the fit by-eye, and when needed we add additional Gaussian component (e.g., if a profile is not symmetric) or allow the rest-frame wavelength to shift. We mark the emission line ratios of our outliers in green. Kewley, Jansen & Geller (2005) analysed the effect of a fixed aperture size on metallicity, star formation rate, and reddening and concluded that a minimum aperture covering a fraction of ≈ 20 precent is required for the spectral properties to approximate the global values, which translates to a lower limit on redshift of z > 0.04 (for the SDSS spectrograph). Out of the 156 emission line galaxies with unusual ratios, only 86 satisfy this criterion. One can see that the outlier galaxies show emission line ratios that reside on the tails of the distribution of the entire population, which explains their weirdness score.
15 outliers are classified as HII regions with one diagnostic and AGN with another diagnostic. We show in figure  14 examples for such cases. We use two separating criteria: Kewley et al. (2001) who used a combination of population synthesis models and photoionisation models to produce a theoretical upper limit that separates between starbursts and AGN-dominated galaxies (Ke01; blue line), Kauffmann et al. (2003b) modified this limit by including composite galaxies which contain significant contribution from both star formation and AGN (Ka03; black line). Individual objects that show this duality are marked with the same colour and symbol in the two panels, for convenience. We list the 156 BPT outliers in table A7.
Weak Hα emission
We identify 30 galaxies with emission in Hα, [NII] , and [SII] but none in Hβ and [OIII] . Therefore, in order to study their gas emission properties, we fit and subtract a stellar population synthesis model obtained (as in section 4.1.1). These galaxies have unusually large [NII] and S[II] over Hα ratios (log [SII]/Hα ≈ 0.1). Some of the objects are low redshift galaxies, with an angular size a few times the diameter of the SDSS fibre, so the spectrum only samples a small fraction of the gas near the galactic centre.
However, we find 7 objects with z > 0.065 and by comparison of their Petrosian radius (from SDSS photometry) to the fibre diameter we verify that the SDSS fibre indeed captures 20 percent or more of the galactic light. We measure the log [SII]/Hα line ratio for our objects and present it in figure 15 compared to the line ratio histogram of the MPA-JHU catalogue of galaxies from the SDSS (left panel), where one can see that our objects reside on the tail of this distribution. We give an example of such a galaxy at redshift z = 0.138 for which log [SII]/Hα = 0.17 (right panel). We list these galaxies in table A8.
High log [SII]/Hα and log [NII]/Hα emission line ratios are generally attributed to LINER galaxies (see for example Kewley et al. 2006 and references within), though the ratios we measure for our outlier galaxies deviate from the typical ratio produced by a LINER galaxy. These galaxies can therefore be extreme cases of LINER galaxies in which we do not detect the Hβ and [OIII] emission due to limited SNR, or high dust extinction along the line of sight to the AGN. Alternatively, the high emission line ratio can be due to shock ionisation from galactic-scale winds (Heckman 1980; Dopita & Sutherland 1995; Lípari et al. 2004; Veilleux, Cecil & Bland-Hawthorn 2005; Allen et al. 2008) . One can find in the literature additional examples of high log [SII]/Hα emission line ratios measured with integral field spectroscopy within individual lines of sight in galaxies (e.g. Singh et al. 2013 and Cheung et al. 2016 ).
Extremely red and sodium excess galaxies
We find 47 galaxies that have extremely red continua and/or unusually strong sodium absorption.
4.5.1 Sodium excess galaxies 38 galaxies have very strong sodium (NaID 5889, 5895Å) absorption, some with extremely red continua as well. There is some debate in the literature regarding the origin of the NaID excess objects -one explanation is that the NaID excess is related to the interstellar medium (ISM), either due to galactic-scale gaseous outflows in star forming galaxies or cool gas that resides in the disk, another explanation is that the absorption is stellar, and due to variations in metal abundance. van Dokkum & Conroy (2010, and references therein) suggested that an initial mass function (IMF) in early-type galaxies with a larger number of low-mass stars (less than 0.3 M ) may lead to stronger NaID absorption.
In order to address these questions, Jeong et al. (2013, hereafter JE13 ) compiled a catalogue of roughly 1000 NaID excess objects up to SDSS DR7. They limited themselves to the redshift range z 0.08 and applied further colour cuts to ensure the completeness of their sample, from which they identified the NaID excess objects. The authors used the absorption line measurements of all the galaxies in the SDSS performed by Oh et al. (2011) and defined the index f N aD as follows:
where N aD observed is the observed Na D line strength and N aD model is the expected model Na D line strength. The expected N aD model is also taken from Oh et al. (2011) , where the authors fitted population synthesis models from Bruzual & Charlot (2003) and stellar templates by Sánchez-Blázquez et al. (2006)), and calculated internal reddening due to dust. JE13 chose 1603 galaxies for which f N aD > 0.5 (i.e., observed strength is 50% stronger than expected by model; see figure 1 in JE13) and defined them as their sodium excess objects. We find 24 galaxies that were not part of the JE13 sample, some for obvious reasons such as the redshift cut, the SDSS data release, and the colour cuts they performed. We find 4 galaxies which satisfy the JE13 cuts in DR7 but were not part of their sample, possibly due to erroneous measurement of the observed Na D. We present in the left panel of figure 16 the histogram of the NaID excess objects from JE13 compared to the outlying galaxies we find. In the right panel of figure 16 we show an example of such outlying galaxy, at redshift z = 0.024, compared to the best SDSS model of this galaxy. One can see that the observed NaID is more than double the strength expected from the model. We list the NaID excess objects in table A9. NaID zoom Figure 16 . Histogram of NaID excess index (see section 4.5.1 for definition) of the NaID excess objects studied by JE13 (grey bars), these are the 1603 galaxies which have the most extreme discrepancy between the observed NaID and the NaID predicted from a standard model of a galaxy. We mark the indices of the 13 outlying objects our algorithms finds, which are also present in the JE13 sample. The right panel presents the galaxy SDSS J123308.44+262057.6 (2235-53847-0086), which is not included in the JE13 catalogue, at redshift z = 0.024 (black), compared to the SDSS best fitting model (green). One can see that the observed NaID absorption is more than double what is expected from to the best fitting model.
Extremely red galaxies
We find 19 galaxies which are extremely red, most of them show a diagonally-shaped continuum. We use the galaxy composite catalogue by Dobos et al. (2012) (hereafter DO12). DO12 classified all the galaxies in SDSS DR7 by colour, nuclear activity, and star formation activity and constructed a set of spectra with high SNR and high resolution. They fitted the continuum of the composite spectra using the population synthesis models by Bruzual & Charlot (2003) and found that the composite spectra represent the different galaxy populations well. Using the best stelar population synthesis model, they extracted the best metallically and the optical depth of interstellar dust. The DO12 composites are divided into colours -red, green, and blueand into classes -passive, star forming, Hα detected, AGN and Hα detected (for objects which show both nuclear activity and substantial star formation), LINERs, and Seyfert galaxies.
Composite spectra which belong to the same class of galaxies (passive for example) but in a different colour bin differ not only in dust optical depth but also in metallicity and stellar population. We therefore use all the DO12 composite spectra and apply additional dust reddening to them in order to reach the continuum shape we observe in our galaxies. We use the prescription by Fitzpatrick (1999) for the additional dust extinction and find the best composite spectrum and the additional dust reddening to be applied to this composite in order to reproduce the continuum shape of our galaxies. We find that for all of our objects the reddest composite spectrum is a better fit than the green and the blue. For these DO12 derive metallicity value of Z = 0.02.
The dust reddening we find ranges from EB−V = 0.3 to EB−V = 0.9 for our outlying galaxies, this is in addition to the dust that is derived by DO12 in their stellar population synthesis models, giving in total colour excesses between EB−V = 0.5 and 2.2. We show two examples of extremely red galaxies and their best DO12 composite plus additional reddening in figure 17. We find that the best fitting composite for SDSS J024721.99-043259.1 (7054-56575-500; left panel) belongs to the Hα detected class, with colour excess derived from population synthesis of EB−V = 0.15 but with an additional EB−V = 0.95. The second object (right panel), SDSS J024639. 41-080525.9 (7057-56593-0115) , is best described by a LINER galaxy composite with a total of EB−V = 0.98. We list these galaxies in table A10, where we note specifically the galaxy SDSS J044023. 25+245402.0 (1257-52944-314) with EB−V = 1.6, caused by MW dust. These galaxies are rare in SDSS due to colour selection.
Galaxies hosting supernovae
We find 18 galaxies in which a supernova happens to have exploded when the spectrum was taken. Supernova rates are of order one per galaxy per century (e.g., Li et al. 2011) , or one per 5000 weeks. Assuming a supernova maintains a luminosity comparable to its host's for about a week, there should be hundreds of such objects in the SDSS galaxy sample, which is rare but not ridiculously so. There are several studies whose main goal is the detection of supernovae in the galaxy spectra of the SDSS, and they found 15 of our objects. In all of these studies, the galaxy spectra are fitted with galaxy eigenspectra that are obtained from PCA analysis of SDSS galaxies. supernovae detection is then carried out on the residual between the galaxy spectrum and its best eigenspectra fit, using various methods of template fitting: Madgwick et al. (2003) order to obtain a residual which is noiseless, and then crosscorrelated it with a set of type Ia spectral templates. Tu et al. (2010) ; Krughoff et al. (2011); Graur & Maoz (2013); Graur, Bianco & Modjaz (2015) used PCA or singular value decomposition (SVD) of supernovae spectroscopic templates to fit the residual. In all of these cases, it was necessary to use both galaxy and supernovae templates in order to detect the supernovae. We list the outlying galaxies with supernovae in table A11. SDSS J080821. 09+005035.3 (4745-55892-0018 ) is reported here for the first time since the galaxy is part of DR10, while Graur, Bianco & Modjaz (2015) worked with the DR9 galaxy sample. We present in figure 18 the galaxy spectrum and its best SDSS model (left panel) where one can notice additional, broad, features that the best SDSS model does not account for. We subtract the best fitting SDSS model from the spectrum and normalise the residual with a continuum fit and compare the residual to a type Ia supernova template from Nugent, Kim & Perlmutter (2002) 2 days after B-band maximum. This is shown in the right panel of figure 18 . One can see that the supernova template matches well the broad residual features in our galaxy. SDSS J085425.56+180507.0 (2281-53711-0149) and SDSS J085436.69+180552.9 (2281-53711-0156) are also reported here for the first time. These spectra were in DR7, but the SDSS pipeline failed to fit the correct redshift to them, mistaking the Hα emission for Lyα at high redshift. We derive the correct redshift by fitting the narrow [OIII] and Hα emission lines, finding redshifts of 0.094 and 0.211 respectively. For this reason they were missed by Graur, Bianco & Modjaz (2015) . Using the same fitting procedure as described in Graur & Maoz (2013) and Graur, Bianco & Modjaz (2015) , we find that SDSS J085425.56+180507.0 is either a type Ia or a type Ic near maximum light. SDSS J085436.69+180552.9 is most likely a type Ia near peak (O. Graur, private communication).
Blends
We find 27 outliers which are blends of two objects. These include 6 galaxy-galaxy gravitational lenses, 9 spectra with two sets of emission lines, and 12 spectra which appear unusual due to chance alignment of a galaxy and a nearby star. We list the galaxies which are contaminated by nearby stars in table A12.
Multiple studies were carried out with the goal of finding gravitationally lensed galaxies in the SDSS spectroscopic data (Bolton et al. 2004 (Bolton et al. , 2005 (Bolton et al. , 2006 (Bolton et al. , 2008 Brownstein et al. 2012; Tsalmantza & Hogg 2012; Shu et al. 2016) . These studies focused on galaxies with two sets of nebular emission lines at redshifts that differ significantly. For example, Bolton et al. (2004) used the best fitting model obtained by the SDSS pipeline and subtracted it from the spectrum, resulting in a residual spectrum. The residual spectrum underwent a match-filtering algorithm that was designed to find an additional set of emission lines. Tsalmantza & Hogg (2012) used a data-driven model which recovered most of the known galaxy lenses in the SDSS by constructing basis functions for dimensionality reduction. Overall, up to DR12, these studies have found 392 galaxy lens candidates in the SDSS. We list the six galaxy lenses our algorithm recovers in table A13, all of which were reported by previous studies.
The second subset consists of objects with two sets of emission lines that were not previously reported as galaxy lenses. The second set of nebular emission lines is due to a close companion (i.e., at a small angular separation) to the primary galaxy, and in most of the objects the primary and the companion galaxy are somewhat to well distinguished in the SDSS imaging. For each of the objects, we fit two sets of emission lines with Gaussians in order to ascertain that all the nebular lines of the secondary set differ by the same velocity compared to the primary set of lines and measure the redshift of the secondary object. In all of the cases, the normalised residual normalised SN template Figure 18 . SDSS J080821.09+005035.3 (4745-55892-0018) spectrum and its best SDSS model (left panel), where one can see that the SDSS model fails to account for some broad features in the spectrum. We subtract the model from the spectrum and normalise it with a continuum fit (right panel; black) and compare it to a supernova template (2 days after the peak) which we also normalise (green). One can see that the supernova template is able to account for the residual broad features in the galaxy spectrum.
redshift produced by the SDSS pipeline belongs to the more luminous set of emission lines. We find that for 7 out of 8 of the objects the secondary set of emission lines is emitted by gas at a lower redshift than the primary. For three of the pairs we find an SDSS spectrum of the secondary galaxy as well as the primary, and find that the redshift estimation of the secondary galaxy is equal to the redshift we derive from the second set of emission lines in the primary's object spectrum. We present an example of such galaxy in figure  19 , where we show the SDSS image of the primary and secondary galaxy (left panel; the cross indicates the primary object) and the spectrum of the primary, shifted to its restframe, where one can see two sets of emission lines. The first set of emission lines is at z = 0.117 and the second set at z = 0.063, which is the redshift of the secondary galaxy. We list all the objects in table A14, and note the redshift of the primary and secondary sets of lines. One of the objects, SDSS J160818. 74-002745.4 (345-51690-229) , is an exception since no clear companion can be seen in the imaging. Furthermore, the secondary set of emission lines is at a higher redshift than the primary galaxy, and these two sets are separated only by 2860 km s −1 . The spectrum provided by the SDSS is a median spectrum which consists of a few sub-exposures of the same galaxy, each of them undergoes a separate wavelength solution, sky subtraction, and flux calibration. The calibrated spectra are then combined using a median filter. A wrong wavelength solution could cause the median spectrum (with which we work) to appear as a spectrum with two (or more) sets of emission lines. We compare the sub-exposures of J160818.74-002745.4 and find two sets of emission lines in all of them, indicating that this is not an instrumental error.
We note an additional object, SDSS J210931. 70+080114.8 (4079-55363-773) , for which the secondary redshift estimation is based only on two emission lines, one of which is marginally detected. The primary redshift of the galaxy is z = 0.133 and no clear companion is detected in the imaging. However, we find an unidentified emission line in wavelength 6460Å in the observers frame, and its FWHM is inconsistent with the FWHM of the emission lines of the galaxy. Assuming the unidentified emission line is due to [OII] 3727Å in the rest-frame of a background galaxy, we estimate the redshift of the background galaxy to be z = 0.733. We show the spectrum of the galaxy in figure 20 , where the supposedly [OII] emission is marked with a green dashed line (left panel). In the right panel of figure 20 we mark the wavelength of [OIII] 5007Å in the observers frame for the redshift z = 0.733, which match a weak feature in the spectrum. The FWHM values of both of them are consistent with each other. The flux of the [OII] emission is in the range expected from star forming galaxies at redshift z = 0.733, thus no magnification is needed in order to explain the [OII] emission strength. We therefore conclude that their background galaxy is not strongly lensed.
Calibration errors, source confusion and sky contamination
This group of outliers is a mixed bag of objects that are broadly defined as not being astronomically 'interesting'. This includes calibration errors and SDSS pipeline misclassifications. In section 2 we remove pixels that are marked as bad by the SDSS pipeline, and we also apply a median filter for the removal of residual cosmic rays and unresolved sky emission. The SDSS also provide quality flags for all the plates and all their spectra. Since we do not limit ourselves to plates of good quality only, it is inevitable that some bad spectra exist in our dataset. Additionally, our algorithm finds the relatively few objects that were misclassified by the SDSS pipeline, and we include them here. First, we identify 41 galaxy spectra that are in fact single stars. Additionally, we find 5 spectra of white dwarfs that were mistakenly identified as galaxies, 4 of these were previously reported as white dwarfs by Girven et al. (2011) and Kleinman et al. (2013) J103259.82+442202.2 (2567-54179-177), is reported here for the first time. SDSS J141118.31+481257.6 (1671-53446-0010) is identified as a galaxy at redshift 0.135 by the SDSS pipeline. However, it is actually an AM Canum Venaticorum star, which is a rare type of cataclysmic variable star, where a white dwarf accretes hydrogen-poor matter from a compact companion star (Anderson et al. 2005) . We list these in table A15. Finally, 10 objects suffer from various problems such as bad sky subtraction, and wrong flux calibration (i.e., flux level from the blue and red arms of the spectrograph do not match; table A16).
CONCLUSIONS AND DISCUSSION
We have introduced an outlier detection algorithm that is based on an unsupervised implementation of RF. By construction, the algorithm learns the most important features of the data and their interconnections; it is completely general and can be applied to imaging data, time-series, and other spectroscopic objects as well. Out of 2 355 926 galaxies which compose the input sample, we chose 400 galaxies with the highest weirdness score. We find objects with unusual emission line ratios, and complex velocity structures, extremely red objects, objects with extremely strong absorption lines (i.e. sodium and Hδ), galaxies which host supernovae, or have rare emission lines.
The algorithm finds a large variety of outliers arising from a large variety of physical environments. It is sensitive to the ratio between emission lines, thus to the radiation field that gas in a galaxy is exposed to, and to the metallically of the gas. It is sensitive to the widths of emission lines i.e., objects with extreme velocity dispersion, or with a number of different velocity components. It is sensitive to the shape of the continuum and to its connection to the strength of the emission lines and absorption lines. It recovers a number of rare phenomena that are subject to great attention in the astronomical community: Hδ-strong galaxies, outflows and shocks, supernovae, galaxy-lenses, double-peaked emission lines which may be due to galaxy mergers or binary BHs. Only about a fifth of the objects we find were discovered in previous studies, using specific algorithms that isolate a single type of objects they were looking for (or searching by eye). Our algorithm detects all of them in one fell swoop. Despite how thoroughly SDSS has been explored before, we found two rare classes of galaxies that were never noticed or studied before, E+A galaxies with broad emission lines, and strong-[NI] emitting galaxies.
Apart from these, the algorithm detects a number of different 'instrumental' outliers, and can be used to detect pipeline failures in new or ongoing surveys. Most importantly, since the sole input to the algorithm is the data, with no physical rules or user specifications, and we find that it is able to detect some of the most interesting phenomena in the SDSS sample, this algorithm can be used to search for new objects that represent new phenomena -searching for the truly unknown unknowns.
From a performance perspective, the increasing volume and complexity of astronomical data requires the development of new algorithms for detection, classification, and analysis of large datasets. The The Large Synoptic Survey Telescope (LSST) for example, is expected to conduct 32 trillion observations of 40 billion objects (Ivezic et al. 2008) . These datasets can no longer be placed on a single compute node nor can they be analysed at once with a single processor. The framework of DFS has evolved as a possible solution to this challenge and parallelisation had become an essential methodology in it. The RF-based outlier detection we propose is completely parallel and operates naturally in the DFS framework. Furthermore, the algorithm is suitable 5500 5700 5900 6100 6300 6500 Figure 20 . SDSS J210931. 70+080114.8 (4079-55363-773 ) is a galaxy at redshift z = 0.133 for which we detect an emission line in wavelength 6460Å in the observers frame. This emission line is broader than the emission lines that belong to this galaxy (left panel) and does not match in wavelength to any known emission lines at redshift z = 0.133. Assuming the emission line is due to [OII] 3727Å in the rest-frame of a background galaxy, we estimate the redshift of the background galaxy to be z = 0.733. We mark in the right panel the wavelength of [OIII] 5007Å in the observers frame for the redshift z = 0.733, which matches a weak feature in the spectrum. Since the flux of the supposed [OII] emission is within the range expected for galaxies at redshift z = 0.7, we conclude that this galaxy is another case of galaxy-galaxy chance alignment.
for ongoing surveys where static data is replaced by data streams -new data is chunked and decision trees are trained without the need to re-run the process on the entire dataset. RF's ability to operate with missing values is an additional important feature. Finally, the algorithm can work with an extremely large number of features with little to no cost in execution time.
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APPENDIX A: OUTLYING GALAXIES -SUMMARY
We summarise all the galaxies we present in the paper in the next tables. We note that some galaxies are classified into multiple categories, in this case we present the galaxy in every class (and table) it belongs to. 
